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013.12.0Abstract Conﬂict avoidance (CA) plays a crucial role in guaranteeing the airspace safety. The cur-
rent approaches, mostly focusing on a short-term situation which eliminates conﬂicts via local adjust-
ment, cannot provide a global solution. Recently, long-term conﬂict avoidance approaches, which are
proposed to provide solutions via strategically planning trafﬁc ﬂow from a global view, have attracted
more attentions. With consideration of the situation in China, there are thousands of ﬂights per day
and the air route network is large and complex, whichmakes the long-term problem to be a large-scale
combinatorial optimization problem with complex constraints. To minimize the risk of premature
convergence being faced by current approaches and obtain higher quality solutions, in this work,
we present an effective strategic framework based on amemetic algorithm (MA), which canmarkedly
improve search capability via a combination of population-based global search and local improve-
ments made by individuals. In addition, a specially designed local search operator and an adaptive
local search frequency strategy are proposed to improve the solution quality. Furthermore, a fast
genetic algorithm (GA) is presented as the global optimization method. Empirical studies using real
trafﬁc data of the Chinese air route network and daily ﬂight plans show that our approach outper-
formed the existing approaches including the GA based approach and the cooperative coevolution
based approach as well as some well-known memetic algorithm based approaches.
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Open access under CC BY-NC-ND license.1. Introduction
Airspace has become more and more crowded because of the
rapid increase of Chinese air trafﬁc. As the density of ﬂights
in airspace jumps to a high level, it is difﬁcult to keep safe sep-
aration among ﬂights. Consequently, the probability of ﬂight
conﬂicts could increase, which threatens airspace operational
safety.1,2 Moreover, it has resulted in other problems, such
as delays, fuel waste, and pollution, which cost the airlineSAA & BUAA.Open access under CC BY-NC-ND license.
Fig. 1 Air waypoint network of China.
Fig. 2 Conﬂict description.
94 X. Guan et al.industry billions of dollars every year. Conﬂict avoidance
(CA), which provides effective solutions for ﬂights to eliminate
conﬂicts, is a key technique to ensure safety among aircraft. It
has drawn much attention of researchers during the last several
decades.3
The current approaches are mainly focused on short-term
situations which need to solve conﬂicts happening in very short
time.4,5 In the last decade, many approaches have emerged,6,7
which can be mainly categorized into: rule-based methods,3
game theory methods,4,8 ﬁeld methods,9 geometric methods,5
numerical optimization methods,1,10–13 and multi-agent meth-
ods.14–16
Short-term approaches require the fastest respond to han-
dle emergencies on the way, which will be within several min-
utes or even shorter. Hence, local trajectories adjustments are
usually implemented, such as instant velocity change and/or
instant heading angle change.1,3 However, the reactive and
passive way to provide solutions in real time cannot consider
the overall situation, and cannot give a feasible global
solution.14
On the contrary, long-term approaches can take advantage
of full knowledge to plan trafﬁc ﬂow strategically and provide
solutions from a global view.17 Therefore, strategic conﬂict
avoidance (SCA) approaches via optimizing all ﬂight plans
to reduce conﬂicts have become a research tendency.
SCA is a large-scale combinatorial optimization problem
with complicated constraints, which is hard to be handled by
classical approaches. Some researchers introduced evolution-
ary algorithms (EAs) to manage it.
Durand used a genetic algorithm (GA) to solve it. Consid-
ering the problem is too large and complex, a sliding forecast
time window was introduced to reduce the dimension of the
problem to get feasible solutions.18 However, it cannot get a
global optimum solution, and it may overstock amount of
ﬂights in later time windows which causes high difﬁculty for
the GA-based approach to solve. Recently, cooperative co-
evolution was successfully applied to deal with the problem.19
It used a divide-and-conquer strategy to decompose the large-
scale problem into several sub-problems which can be solved
by adopting an EA for each one. However, the searching space
of the sub-problems is still huge, and the variables and the con-
straints are tightly coupled, which cause the cooperative coevo-
lution (CC) with a random grouping strategy to get into local
optimum easily.20 The two global optimization approaches
both suffer from premature convergence in the SCA problem
because of their limited search capabilities in a huge solution
space with large amounts of variables and constraints.
Memetic algorithms (MAs), one of the recently growing
areas in EA research, are population-based meta-heuristic
search methods inspired by Darwinian’s principles of natural
evolution and Dawkins’ notion of a meme deﬁned as a unit
of cultural evolution that is capable of local reﬁnements.21
They can be regarded as a bridge between a population-based
global search and the local improvement made by each of the
individuals.22 They have shown to speed up the search process,
attaining higher quality solutions on complex design problems
compared with their conventional counterparts.23
In this work, with the aim to minimize the risk of premature
convergence and yet to get high quality solutions, we propose
an effective strategic conﬂict avoidance framework based on a
MA. In addition, a specially designed local search operator
and an adaptive local search frequency strategy are proposedto improve the solution quality. Furthermore, a fast GA is pre-
sented as the global optimization method. Empirical studies
using the real trafﬁc data of the Chinese air route network
and daily ﬂight plans show that our approach outperforms
the existing approaches including the GA based approach
and the cooperative coevolution based approach as well as
some well-known memetic algorithm based approaches.
2. Problem formulation
Taking Chinese air route network in Fig. 1 for example, suppose
that there are s air routes (A1, A2,. . ., As) with l waypoints
(W1,W2,. . .,Wl) in the air route network involved in the prob-
lem, and there are n ﬂights (F1, F2,. . ., Fn) with speciﬁc ﬂight
plans. Many conﬂicts may occur in the air route network be-
cause of separations broken among ﬂights at some waypoints.
In addition, suppose that there are only two ﬂight levels on
one air route segment, and the ﬂights with opposite directions
would ﬂy on the two levels, respectively. Therefore, a conﬂict be-
tween two ﬂights on the opposite directions along the same seg-
ment will be avoided while it will not along different segments.
Fig. 2 describes the conﬂict vividly. Aircraft i and j are sep-
arately ﬂying from Xilinhot airport to Ulanhot airport and
from Hailar airport to Tongliao airport. Black points denote
waypoints in the routes. From the picture, we can see that
A strategic ﬂight conﬂict avoidance approach based on a memetic algorithm 95the two ﬂights may meet at waypoint W. The conﬂicts occur-
ring at the intersection of routes are more complicated and
dangerous which we discuss mainly in this work. The conﬂicts
happening in segments of routes are assumed to be solved by
the ﬂights involved themselves, and meanwhile through self-
adjustment, the time of these ﬂights to the intersection of
routes is assumed to be not changed by the conﬂict resolution
maneuvers. Deﬁne the map P: N · Tﬁ 2D · 2D as the posi-
tion of an aircraft at some time. Then a conﬂict is deﬁned as
follows: $tw, s.t.
kPiðtwÞ  PjðtwÞk2 < x; i–j ð1Þ
where x is the minimum safe separation. Conﬂicts can be de-
tected by the nominal method.5
We adopt the ground delay method to avoid conﬂicts at
waypoints which is an effective, economical, and safe method
via delaying ﬂights on the ground before departure.
With consideration of reducing cost for airlines, the objec-
tive here is to eliminate conﬂicts and reduce ﬂight delays.19 The
objective function is deﬁned by
Maximum F ¼
1 1
n
Xn
i¼1
di
dmax
1þNC ð2Þ
Subject to
kPiðtwkÞ  PjðtwkÞk2 P e; 8twk ;wk 2 Ai0 \ Aj0 ; i–j ð3Þ
di 2 ½0; dmax=ts; i 2 ½1; n ð4Þ
i; j 2 ½1; n; i0; j0 2 ½1; s; i0; j0; i; j; di 2 Nþ ð5Þ
where di represents the departure delay of ﬂight i, dmax is the
allowable maximum delay, and NC is the total conﬂict number
of the ﬂights. The objective function shows that the less the
conﬂicts are, the better, and the less the ﬂights’ average delay
is, the better. Eq. (3) is the separation constraints for all ﬂights
at any waypoint. Eq. (4) means the delay of any ﬂight is limited
to a maximum value which can avoid that some ﬂights areBEGIN
Initialize the population. gen=0. 
//Main loop: 
WHILE gen<maxgen  
Evaluate all individuals in the population. 
Calculate the number of individuals undergoing local se
//local search
For the selected individual in the population 
 Apply local search operators. 
 Proceed with local improvement and replace the 
End For 
//global optimization
Proceed the SCR approach based on the fast GA.
Evaluate all individuals in the population and update the
gen=gen+1. 
END WHILE
Obtain the best solution
Fig. 3 The framewpostponed for too long. ts is the time step for time sampling.
Eq. (5) is the integer constraint.
It can be demonstrated that SCA is a large-scale combina-
tion optimization problem. Supposing that there are 1000
ﬂights, dmax is set to 90 min, and the time step is 0.5 min, then
each decision variable d will have 180 values. In addition, the
Chinese air waypoint network has 1100 waypoints and 2286
air route segments. Many air routes have crossing points.
Hence, the search space will be huge. Moreover, the objective
function is nonlinear, and the variables and constraints are
tightly coupled because of conﬂict avoidance.3. Optimization framework
To avoid premature convergence and get high quality solu-
tions, we propose an SCA approach based on MA (SCAMA)
which can take advantage of both the global optimization and
local search to improve the search capability and obtain high
quality solutions.24 In addition, a local search operator and
an effective local search frequency strategy are specially de-
signed for the problem. Furthermore, a fast GA is present as
the global optimization method. The framework is described
in Fig. 3.
3.1. Local search
As described in the introduction, MA is a marriage between
EA and local search heuristics, which is crucial to the success
of the search and optimization processes by maintaining a bal-
ance between exploration and exploitation.21 Local search
methods can effectively improve search capability and solution
quality via locally meticulously searching global solutions.
There are two critical issues in the approach: (1) local search
operator; (2) local search frequency strategy. In this work, a lo-
cal search operator and an effective local search frequency
strategy are specially designed.arch using a local search frequency strategy
genotype in the population with the improved solution.
 best solution.
ork of SCAMA.
96 X. Guan et al.3.1.1. Local search operator
The local search operator is used to locally improve individuals
which are placed back into the population to compete for
reproductive opportunities.23 It decides the effect of local
search directly. Here, an effective local search operator based
on gene ﬁtness is specially designed. It takes advantage of
the conﬂicts among ﬂights and makes the gene with more con-
ﬂicts and less delays to have a high probability to mutate.
Hence, the conﬂicts can be eliminated directly, and the delays
can be improved.
The individual i of the population can be denoted as
indi ¼ ðdi1; di2; . . . ; dinÞ; 1 6 i 6 ps ð6Þ
where ps is the size of the population. We introduce gene ﬁtness
gf deﬁned below for each individual to describe the local search
operator conveniently.
gfi ¼ ðgfi1 ; gfi2 ; . . . ; gfinÞ ð7Þ
where
gfij ¼
1 dij=dmax
1þ ncij ; 1 6 j 6 n ð8Þ
where ncij is the number of conﬂicts of ﬂight j when indi is the
ﬁnal solution.
For every chosen member in the population to execute local
search, every gene will be redeﬁned if its ﬁtness is less than a
given parameter e.
3.1.2. Local search frequency strategy
As mentioned above, local search can speed up convergence
rate. However, population diversity degrades gradually.21,23
Hence, on one hand, exhaustive local search frequency may
cause premature convergence and ineffective search, which
would waste a lot of computational time. On the other hand,
insufﬁcient local search cannot obtain better solutions. There-
fore, a local search frequency strategy is particular important
to reduce this risk.
To control the local search frequency during an MA search,
we propose a dynamic adaptive strategy based on Shannon’s
information entropy. The basic idea of our strategy is almost
the same as the diversity-based dynamic adaptive strategy in
Ref. 23. In addition, some characteristics of the SCA problem
are fully taken advantage of, such as the number of conﬂicts,
to improve the strategy’s performance.
The diversity of the population can be measured by various
means. One simple approach is based on Shannon’s informa-
tion entropy,21 which represents an overall measure for
describing the state of the dynamical system represented by
the population. The number of conﬂicts of individual i is de-
ﬁned by
ci ¼
Xn
j¼1
cij ð9Þ
where cij means the number of conﬂicts of ﬂight j in individual
i.
Then the subsets G1,G2, . . .,GQ are deﬁned to represent
groups of individuals with the same number of conﬂicts from
the population. The ratio of the number of individuals in a
partition Gj to the entire population can therefore be written
as followspj ¼
jGjjPQ
i¼1jGij
ð10Þ
where |Gj| means the cardinality of the set Gj.
Based on partitioning of individuals according to the num-
ber of conﬂicts, one approach to describe the state of the
dynamical system is based on Shannon’s information entropy
E as follows21
E ¼ 
XQ
j¼1
pj lg pj ð11Þ
In order to reduce parameters adjustment, the dynamic
adaptive local search frequency strategy b can be deﬁned by
bðgenÞ ¼ EðgenÞ
Eð0Þ ð12Þ
where E(0) and E(gen) are the population entropy measures at
the generations 0 and gen, respectively.
During the evolution, there are two special individuals
which need to undergo local search. One is the individual with
the best ﬁtness value which is the current best solution and
needs to undergo local search to obtain higher solution qual-
ity. The other one is the individual with the worst ﬁtness value
which may have the highest potential to get a higher quality
solution. The number of other randomly selected individuals
is written as follows:
uðgenÞ ¼ popsize gen ¼ 0
Min½uð0Þ  floorðbðgenÞÞ  2; popsize gen > 0

ð13Þ
We can conclude from Eq. (13) that the larger E(gen) is, the
more the number of individuals undergoing local search will
be.
3.2. Global optimization
The global optimization method is another critical issue in the
MA framework. In this study, the fast GA is proposed as the
global optimization method.19 It is especially effective to elim-
inate conﬂicts.
The optimization operators are demonstrated as follows.
3.2.1. Selection
The classic method, tournament selection, is adopted in this
study.
3.2.2. Adaptive crossover operator
The crossover operator specially designed for SCR has a great
advantage, i.e., it can ﬁnd feasible solutions quickly at the
beginning of the optimization.
Suppose that A and B are chosen as parents in the popula-
tion. As shown in Fig. 4, if gfA1 > gfA2 , the two children inherit
A1 accordingly, and if gfB1 > gfA1 , they inherit B1. Otherwise,
the children are obtained by the combination of parents with
a probability a. The crossover is operated with a probability pc.
3.2.3. Adaptive mutate operator
It can be concluded from Fig. 4 that if gfj < e, the gene j mu-
tates with a probability pm.
Fig. 4 Adaptive crossover operator and mutate operator.
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In this work, the real data of the Chinese airway network and
ﬂight plans of a day are adopted. The air route network is
shown in Fig. 1, which includes more than 1100 waypoints
with thousands of ﬂight plans on it.
In addition, the takeoff and landing parts of trajectories are
truncated around airports within a given radius (usually 10 NM
(1 NM= 1.852 km)) as the trafﬁc is considered to be handled
with speciﬁc procedures by the TMA control services in these
zones. Then, the ﬂights are almost in the cruise phase. There-
fore, the velocity of ﬂights can be considered to be a constant
value for simplicity, and here it is supposed to be 800 km/h.
The minimum safe time interval s= 60 s. dmax is set to be
90 min, the value interval of d is 0.25 min, and x= 5 NM.
The algorithms were implemented in a Visual Studio 2008
programming environment on a server with an E5620
2.4 GHz CPU and 12 GB RAM. For each algorithm, the re-
sults were collected and analyzed on the basis of 15 indepen-
dent runs.
The parameters applied in all experiments are presented in
Table 1.
4.1. Comparing SCAMA with existing methods
The experiment aims to evaluate the efﬁcacy of the proposed
SCAMA by comparing it with some existing algorithms, which
are a classical method based on improved GA and an excellent
approach based on cooperative co-evolution with a random
grouping (CCRG) strategy which is designed to randomly
and equally divide decision variables into several sub-groups
and uses an EA to optimize each sub-group.20
In order to better describe the differences between the algo-
rithms’ performances, we consider two situations, 1100 ﬂights
(the busiest 1 h) and 2400 ﬂights (the busiest 3 h).
The results calculated based on 15 independent runs were
analyzed statistically in terms of their best value (Best), aver-
age value (Average), standard deviation (Std), average delay
(Ad), and average value of conﬂicts (Ac) for each method,
and the results are shown in Table 2.Table 1 Parameters of the experiments.
Parameters Description Value
Popsize Population size 80
Maxgen Max generation 800
pc Crossover probability 0.35
pm Mutate probability 0.4In Table 2, we can see that SCAMA has the best perfor-
mance in almost all domains, and GA performed worst. For
1100 ﬂights, the three methods all have good solutions. Obvi-
ously, as the scale grows, CCRG keeps showing a robust per-
formance and has signiﬁcantly improved the solution more
than others. It has the best average value. The most important
thing is that the average value of conﬂicts and delay got by
CCRG are much lower than those got by others, e.g., even
when n= 2400, there is no conﬂict and the average delay is
4.18 min which is much better than those of others.
Evolutionary curves of the compared algorithms as n is set
to 1100 and 2400 are depicted in Fig. 5. In Fig. 5, the values
in each generation are averaged over 15 runs. It provides a
clearer demonstration of their performances. As we can see,
GA has the worst performance. There is small difference
between CCRG and SCAMA for 1100 ﬂights. However, as
the number of ﬂights increases, compared to the other algo-
rithms, SCAMA obtains the best solution and ﬁnds the feasible
solution with the least number of conﬂicts and average delay
most rapidly. Because the SCA problem has a large searching
space which also increases exponentially, GA has difﬁculties
in ﬁnding optimal solutions as the scale increases, so it performs
poorly gradually. CCRG, using the decompose-and-conquer
strategy, performs better than GA. However, tight interaction
exists among ﬂights for conﬂict avoidance. Therefore, as the
scale increases, the performance of CCRG deteriorates gradu-
ally. However, SCAMA adopts global search and local
improvement, which can minimize the risk of premature con-
vergence and improve solutions’ quality.
For 1100 ﬂights, SCAMA almost obtains the best solution
at 45 generations, which takes about 8 min. For 2400 ﬂights, it
takes SCAMA 150 min to get the best solution. We can con-
clude that, as the scale increases, the time consumption grows
sharply. On one hand, our method can be used several hours
or even days ago before real operations. On the other hand,
advanced parallel computing technology can effectively short-
en the time consumption. Therefore, our method could be use-
ful for real applications.
In general, aircraft have different categories, such as the
light aircraft, the medium aircraft, and the heavy aircraft.
These aircraft have different velocities and safe separations be-
tween each other, which may seriously inﬂuence the results of
these methods. Next, we will test our method at the situation
with aircraft ﬂeet mix. All ﬂights are allocated one of the three
aircraft categories randomly, and the velocities of the three
categories are set to be 600, 700, and 800 km/h. Table 3 shows
the safe separations between different aircraft.
In Table 4, we can see that SCAMA also has the best per-
formance in almost all domains. Especially, for 1100 and 2400
ﬂights, SCAMA can obtain the least average delay and the
Table 2 Comparison of GA, CCRG, and SCAMA.
n Algorithm Best Average Std Ad Ac
1100 GA 0.857528 0.716537 0.0047 7.8163667 0.4
CCRG 0.934176 0.930213 2.59 · 108 4.2736895 0
SCAMA 0.969255 0.968551 1.98 · 108 2.830455 0
2400 GA 0.856304 0.100861 0.1757 14.347430 8.2
CCRG 0.928368 0.732537 0.0463 6.5725796 0.842
SCAMA 0.937299 0.904938 0.00038 4.1753905 0
Fig. 5 Evolutionary process of the mean best value found for GA, CCRG, and SCAMA with n= 1100 and n= 2400.
Table 3 Safe separations between different aircrafts.
Safe separation (NM) Light Medium Heavy
Light 4 3 3
Medium 5 5 5
Heavy 6 5 5
98 X. Guan et al.lowest number of conﬂicts. In Fig. 6, the trend of the evolu-
tionary curves is almost the same as that in Fig. 5. SCAMA
can always obtain the highest quality solution quickly. There-
fore, we can conclude that, to the problem we discussed in this
work, the category of aircraft cannot inﬂuence the perfor-
mance of our method.
4.2. Comparing our local search operator with others
By now, the ﬁrst set of experiments has justiﬁed the superiority
of SCAMA over existing methods. The next experiment is de-
signed to further investigate whether the proposed local search
operator contributes to the success of SCAMA.
The local search operator is a key issue in the MA-based
framework.21–24 There are several popular local search opera-
tors which are common and not specially designed for speciﬁc
problems by now, i.e., k-gene mutation and k-gene exchange
between chromosomes.25,26. These algorithms share exactly
the same settings as SCAMA in the experiment, including
the diversity-based dynamic adaptive local search frequency,
except the local search operators. They are brieﬂy described
below:
(1) SCAMA-M: this SCAMA adopts k-gene mutation as its
local search operator.(2) SCAMA-E: this SCAMA adopts k-gene exchange
between chromosomes as its local search operator.
(3) SCAMA: SCAMA adopts the local search operator
based on gene ﬁtness.
Table 5 presents the results obtained by the three compared
methods in terms of the best result, average result, standard
deviation, and the number of conﬂicts. k cannot be too big
or too small generally, so it is set to 5%*n in which n is the
number of ﬂights. We can conclude that SCAMA is much
superior to SCAMA-M and SCAMA-E in average value, stan-
dard deviation, the number of conﬂicts, and delay as the scale
grows, e.g., when n= 2400, SCAMA-M and SCAMA-E both
have almost 4 conﬂicts, whereas SCAMA does not have any.
In addition, the delays of SCAMA-M and SCAMA-E are al-
most twice as much as that of SCAMA.
Furthermore, like the ﬁrst experiment, the evolutionary
curves of the compared algorithms are depicted in Fig. 7.
SCAMA shows its dramatic superiority in the convergence
rate and quality of solutions. It can be concluded that the com-
mon and blind local search operators such as k-gene mutation
and k-gene exchange between chromosomes cannot deal with
the SCA problem efﬁciently. The reason perhaps is that the
two local search operators which randomly change k genes
cannot directly solve conﬂicts between ﬂights. However, the lo-
cal search operator based on gene ﬁtness takes advantage of
the conﬂicts among ﬂights and makes the gene with more con-
ﬂicts and less delays to have a high probability to mutate.
Hence, the conﬂicts can be eliminated directly, and the delays
can be reduced. It is experimentally validated that the local
search operator based on gene ﬁtness can ﬁnd solutions with
least conﬂicts and delays quickly, and obtain the optimal solu-
tion effectively.
Fig. 6 Evolutionary process of the mean best value found for GA, CCRG, and SCAMA with n= 1100 and n= 2400 at the situation
with aircraft ﬂeet mix.
Fig. 7 Evolutionary process of the mean best value found for SCAMA-M, SCAMA-E, and SCAMA with n= 1100 and n= 2400.
Table 4 Comparison of GA, CCRG, and SCAMA with aircraft ﬂeet mix.
n Algorithm Best Average Std Ad Ac
1100 GA 0.845257 0.706376 0.0052 7.8247695 0.573
CCRG 0.929463 0.929683 2.47 · 108 4.6832457 0
SCAMA 0.970637 0.970425 1.62 · 108 2.5790365 0
2400 GA 0.847248 0.113604 0.20737 16.852587 8.752
CCRG 0.930637 0.742678 0.03690 6.2480047 0.793
SCAMA 0.947378 0.914267 0.00024 4.0945376 0
A strategic ﬂight conﬂict avoidance approach based on a memetic algorithm 994.3. Comparing the dynamic adaptive local search frequency
strategies with others
SCAMA has been compared to existing methods and some
MA-based algorithms with different local search operators.
However, it is still unclear how the local search frequency
strategy works. To investigate this issue, we have compared
SCAMA with two other MA-based algorithms with
frequently-used local search frequency strategies.27–29 These
algorithms share the same local search operator and othersettings except for the local search frequency strategy. They
are brieﬂy described below:
(1) SCAMA-G: the local search frequency is modeled as
Gaussian distribution which can ensure high search efﬁ-
ciency at the initial stages of the search and less search
frequency at the later stages.21
(2) SCAMA-A: all individuals undergo the local search
operator,27 which means the search frequency is always
100%.
Table 5 Comparison of SCAMA-M, SCAMA-E, and SCAMA.
n Algorithm Best Average Std Ad Ac
1100 SCAMA-M 0.904738 0.883694 0.00037 6.413631 0.065
SCAMA-E 0.902694 0.891422 0.00015 4.283641 0.057
SCAMA 0.969255 0.968551 1.98 · 108 2.830455 0
2400 SCAMA-M 0.863568 0.248861 0.0934 8.2317488 3.93
SCAMA-E 0.863647 0.257357 0.0913 7.9436486 3.71
SCAMA 0.937299 0.904938 0.00038 4.1753905 0
Table 6 Comparison of SCAMA-G, SCAMA-A, and SCAMA.
n Algorithm Best Average Std Ad Ac
1100 SCAMA-G 0.951452 0.935806 5.37 · 106 3.182576 0
SCAMA-A 0.952382 0.951690 1.83 · 108 2.924795 0
SCAMA 0.969255 0.968551 1.98 · 108 2.830455 0
2400 SCAMA-G 0.925378 0.763573 0.00973 6.6475322 0.36
SCAMA-A 0.924684 0.742684 0.00724 6.9357636 0.32
SCAMA 0.937299 0.904938 0.00038 4.1753905 0
Fig. 8 Evolutionary process of the mean best value found for SCAMA-G, SCAMA-A, and SCAMA with n= 1100 and n= 2400.
100 X. Guan et al.The results are summarized in Table 6. It is obvious that
SCAMA still performs better than the other two. Fig. 8 also
provides the evolutionary curves of the compared algorithms.
It provides a clearer demonstration of their performance. As
we can see, there is little difference among the three algo-
rithms for 1100 ﬂights. However, SCAMA has the best perfor-
mance, and SCAMA-G performs worse than SCAMA-A.
Perhaps it is not enough for SCAMA-G to improve search-
ing capability efﬁciently via randomly proceeding the local
search operator on subsets of individuals. As the scale of
ﬂights grows, compared with others, SCAMA still has not
caused any conﬂict and has the least delay. SCAMA-A con-
verges rapidly. However, SCAMA-G performs better than
SCAMA-A at last. Perhaps it is because that when the scale
of the problem increases, the strategy of all individuals pro-
ceeding local search can help the algorithm to ﬁnd better
solutions quickly,30,31 but easily fall into prematurity because
of excessive exploitation in a large and complex space. In
addition, at the later stages of the search, SCAMA-G canavoid excessive exploitation by selecting fewer individuals
to undergo local search.
5. Conclusions
(1) A strategic conﬂict avoidance approach based on a
memetic algorithm is developed in this paper to deal
with the long-term conﬂict avoidance.
(2) A local search operator and an adaptive local search fre-
quency strategy are specially designed to improve the
solution quality. Furthermore, the fast GA is adopted
as the global optimization method.
(3) Empirical studies using real data of Chinese air route
network and daily ﬂight plans show that our approach
outperformed the existing approaches including the
genetic algorithm based approach and the cooperative
coevolution based approach as well as some well-known
memetic algorithm based approaches. Next, we will try
to optimize the path and delay of ﬂights simultaneously.
A strategic ﬂight conﬂict avoidance approach based on a memetic algorithm 101AcknowledgementsThe authors thank the anonymous reviewers for their critical
and constructive review of the manuscript. This study was
co-supported by the National High-tech Research and Devel-
opment Program of China (Grant No. 2011AA110101), the
Foundation for Innovative Research Groups of the National
Natural Science Foundation of China (Grant No. 60921001),
and China Scholarship Council.
References
1. Zhang XJ, Guan XM, Hwang I, Cai KQ. A hybrid distributed-
centralized conﬂict resolution approach for multi-aircraft based on
cooperative co-evolutionary. Sci Chin F 2013. http://dx.doi.org/
10.1007/s11432-013-4836-3 preprint.
2. Alam S, Lokan C, Abbass HA. What can make an airspace
unsafe? characterizing collision risk using multi-objective optimi-
zation. In: IEEE congress on evolutionary computation. Brisbane,
Australia: 2012. p. 1–8.
3. Hwang I, Tomlin C. Protocol-based conﬂict resolution for ﬁnite
information horizon. In: Proceedings of the 2002 American control
conference. Anchorage, AK: 2002. p. 748–53.
4. Alam S, Shaﬁ K, Abbass HA, Barlow M. An ensemble approach
for conﬂict detection in free ﬂight by data mining. Transp Res C
2009;17(3):298–317.
5. Mao ZH, Dugail D, Feron E. Space partition for conﬂict
resolution of intersecting ﬂows of mobile agents. IEEE Trans
Intell Transp Syst 2007;8(3):512–27.
6. Wollkind S, Valasek J, Ioerger T. Automated conﬂict resolution
for air trafﬁc management using cooperative multi-agent negoti-
ation. AIAA-2004-4992; 2004.
7. Krozel J, Peters M, Bilimoria KD, Lee C, Mitchell JSB. System
performance characteristics of centralized and decentralized air
trafﬁc separation strategies. In: Proceedings of the fourth USA/
Europe air trafﬁc management research and development seminar.
Santa Fe, NM: R&D Seminar; 2001. p. 311–32.
8. Tomlin C, Mitchell I, Ghosh R. Safety veriﬁcation of conﬂict
resolution maneuvers. IEEE Trans Intell Transp Syst
2001;2(2):110–20.
9. Kosecka K, Tomlin C, Pappas G, Sastry S. Generation of conﬂict
resolution maneuvers for air trafﬁc management. In: Proceedings
of IEEE/RSJ international conference on intelligent robots and
systems (IROS). Grenoble France: 1997. p. 1598–603.
10. Pallottino L, Feron EM, Bicchi A. Conﬂict resolution problems
for air trafﬁc management systems solved with mixed integer
programming. IEEE Trans Intell Transp Syst 2003;3(1):3–11.
11. Pham V, Bui L, Alam S, Lokan C, Abbass HA. A Pittsburgh
multi-objective classiﬁer for user preferred trajectories and ﬂight
navigation. In: IEEE Congress on Evolutionary Computation
(IEEE-CEC). Barcelona, Spain: 2010. p. 608–15.
12. Vivona R, Karr D, Roscoe D. Pattern based genetic algorithm for
airborne conﬂict resolution. AIAA-2006-6060; 2006.
13. Durand N, Alliot JM, Noailles J. Automatic aircraft conﬂict
resolution using genetic algorithms. In: Symposium on applied
computing. Philadelphia, PA: 1996. p. 289–98.
14. Pˇechouˇcek M, Sˇisˇla´k D. Agent-based approach to free-ﬂight
planning, control, and simulation. IEEE Trans Intell Transp Syst
2009;24(1):14–7.
15. Hill JC, Johnson FR, Archibald JK, Frost RL, Stirling WC. A
cooperative multi-agent approach to free ﬂight. In: Proceedings ofthe fourth international joint conference on Autonomous agents and
multiagent systems. New York: ACM Press; 2005. p. 1083–90.
16. Rong J, Geng S, Valasek J, Ioerger TR. Air trafﬁc control
negotiation and resolution using an on board multi-aircraft
system. In: Proceedings of the 21st digital avionics systems
conference. 2002: p. 7B2-1–7B2-12.
17. FAA. Concept of operations for the next generation air transpor-
tation system, joint planning and development ofﬁce; 2007.
18. Durand N, Allignol C. 4D-trajectory deconﬂiction through
departure time adjustment. In: Proceedings of ATM’09, eighth
USA/Europe R&D seminar on air trafﬁc management. Napa, CA,
USA: 2009.
19. Su J, Zhang XJ, Guan XM. 4D-trajectory conﬂict resolution using
cooperative coevolution. In: Proceedings of the 2012 international
conference on information technology and software engineering.
2013. p. 387–95.
20. Yang Z, Tang K, Yao X. Large scale evolutionary optimization
using cooperative co-evolution. Inf Sci 2008;178(15):2985–99.
21. Tang J, Lim MH, Ong YS. Diversity-adaptive parallel memetic
algorithm for solving large scale combinatorial optimization
problems. Soft Comput 2007;11(9):873–88.
22. Krasnogor N, Smith JE. A tutorial for competent memetic
algorithms: model, taxonomy and design issues. IEEE Trans Evol
Comput 2005;9(5):474–88.
23. Tang J, Lim MH, Ong YS. Parallel memetic algorithm with
selective local search for large scale quadratic assignment prob-
lems. Int J Innovative Comput Inf Control 2006;2(6):1399–416.
24. Bambha NK, Bhattacharyya SS, Teich J, Zitzler E. Systematic
integration of parameterized local search into evolutionary algo-
rithms. IEEE Trans Evol Comput 2004;8(2):137–55.
25. Lim MH, Yuan Y, Omatu S. Efﬁcient genetic algorithms using
simple genes exchange local search policy for the quadratic
assignment problem. Comput Optim Appl 2000;15(3):249–68.
26. Lim MH, Yuan Y, Omatu S. Extensive testing of a hybrid genetic
algorithm for quadratic assignment problem. Comput Optim Appl
2002;23(1):47–64.
27. Ku KWC, Mak MW, Siu WC. A study of the Lamarckian
evolution of recurrent neural networks. IEEE Trans Evol Comput
2000;4(1):31–42.
28. Ong YS, Keane AJ. Meta-lamarckian in memetic algorithm. IEEE
Trans Evol Comput 2004;8(2):99–110.
29. Ong YS, Lim MH, Zhu N, Wong KW. Classiﬁcation of adaptive
memetic algorithms: a comparative study. IEEE Trans Syst Man
Cybern B 2006;36(1):141–52.
30. Chen XS, Ong YS, Lim MH, Tan KC. A multi-facet survey on
memetic computation. IEEE Trans Evol Comput
2011;15(5):591–607.
31. Ong YS, Lim MH, Chen XS. Research frontier: memetic
computation-past, present & future. IEEE Comput Intell Mag
2010;5(2):24–36.
Guan Xiangmin is a Ph.D. student in the School of Electronic and
Information Engineering at Beihang University. He received his B.S.
degree from Hubei University in 2007. His area of research includes air
trafﬁc control, air trafﬁc ﬂow management and optimization.
Zhang Xuejun is currently a professor in the School of Electronic and
Information Engineering at Beihang University, where he received his
B.S. and Ph.D. degrees in 1994 and 2000, respectively. His main
research interests are air trafﬁc management, data communication, and
air surveillance.
